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We evaluated the use of attenuated total reflectance infrared spectroscopy for simultaneous in situ quantification
of the nutritional composition of liquid food stuffs in the industrial kitchen context. Different methodologies
were compared, including dry and wet acquisition along with instrument parameters and measurement times of
4 and 60 s. The most effective technique was 1-minute measurement, with prediction errors of 2.6, 0.7, 1.0, 2.2,
0.8, 2.4 g/100 mL and 150 Kcal, for carbohydrates, proteins, fat, sugars, saturated fat, water and energy values,
respectively. The 4-second method resulted in larger errors but was more applicable for inline measurements.
Dry measurements successfully predicted the fractions of proteins, fat, carbohydrates, and sugars, relative to total
solids. An app was created to facilitate implementation in a kitchen environment. Compared with other tech
niques recommended by the FAO, the approach offered a simple alternative for simultaneous prediction of
nutritional parameters in an industrial kitchen set-up.

1. Introduction
There is an increasing awareness of the importance of nutritional
values of foods. For example, Regulation (EU) No 1169/2011 seeks: i) to
ensure that information provided to consumers includes values for total
carbohydrate, sugars, fats, saturated fats, proteins, and energy values
and, ii) regularize and standardize the way nutritional and other infor
mation is presented to the consumer. Product labelling is the principal
means of communication between the food industry and the consumer,
especially in the case of prepacked foods (Cecchini & Warin, 2016).
Generally, labels on the packaging of prepacked foods contain nutri
tional values of the main food ingredients. If consumers are provided
with appropriate knowledge to use and apply this information according
to their specific needs, nutritional tables can be used to guide specific
consumer groups with special dietary requirements such as athletes,
vegetarians and customers with special health conditions or those who
are concerned with a healthy life style (Moreira et al., 2019).
The European Union Regulation No 1169/2011 requires that the
nutritional information indicated by the food labelling should be based
on: (a) the manufacturer’s analysis of the food; (b) a calculation from the
known or actual average values of the ingredients used; (c) a calculation
from generally established and accepted data. When chemical analysis is

not suitable, the so-called “recipe analysis” is used, allowing the esti
mation of nutritional parameters by adding the nutritional values of the
ingredients obtained from databases (Church, 2015). Thus, most of the
data shown in the labelling is obtained from food composition databases
(FCDB), considering different parameters such as retention factors and
edible portions. Although useful, the use of FCDB presents challenges,
and the continuous update of nutritional values, data standardization
and normalisation are required (Kapsokefalou et al., 2019; Roe et al.,
2013). Furthermore, food products are complex biological materials
which exhibit variations in composition, caused by several factors
including natural conditions, growth conditions of meat and crops,
storage, transport and processing methods (Greenfield & Southgate,
2003). In this context, organisations such as the European Food Infor
mation Resource aim to provide standardized and validated nutritional
values along with recipe guidelines to consumer and food producers
(Roe et al., 2013).
Therefore, there is a need for the development of in situ analytical
methodologies for accurate quantitative determination of the different
nutritional contents of food and ingredients for the consumer. To meet
the requirements of the food market, methodologies should be compact,
such that they can be efficiently placed in large kitchens and food pro
cessing systems; rapid, to allow online monitoring of food
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transformation and cooking; and cost-effective, allowing implementa
tion in small stores or even private kitchens. Mid-Infrared (IR) spec
troscopy, commonly carried out in the Fourier Transform (FT) mode,
could be regarded as a suitable candidate to meet these requirements
(Dufour, 2009; Li-Chan, 2010). It relies on the use of IR light, which is
absorbed by the fundamental vibrational modes of chemical bonds, to
study sample composition (Griffiths, 2013; Perera, 2009). Since each
functional organic group has its own absorption profile, the IR spectrum
is regarded as a fingerprint of the sample composition.
In food, major components such as fats (da Costa Filho, 2014; Koca
et al., 2010), proteins (Motoyama et al., 2018), water and carbohydrates
(de Almeida et al., 2018; Kuligowski et al., 2012) show specific IR sig
natures, and hence quantitative information of these components can be
extracted from the FTIR spectra. Furthermore, Attenuated Total
Reflectance (ATR)-FTIR spectrometers enable the acquisition of a
spectrum from the unprocessed sample, just by placing a few microliters
of the sample on the ATR crystal (Moros et al., 2005; Yaman & Durakli
Velioglu, 2019). The acquisition time of the spectra is relatively short,
generally spanning from one second to a few minutes, depending on the
signal-to-noise ratio required. Finally, the system is portable - com
mercial ATRs are smaller than a regular microwave – and does not
require any chemicals or reagents, besides water for cleaning the ATR
surface. For that matter, this technique fulfills the requirements of the
green analytical chemistry (GAC) guidelines (Garrigues & de la Guardia,
2020; Kokilambigai & Lakshmi, 2021), which promote the minimal use
of energy and production of waste, along with the elimination of toxic
reagents in the analytical processes.
FTIR has been widely employed for the quantitative analysis of
complex matrices (David Perez-Guaita et al., 2014), including human
milk (Giuffrida et al., 2019), urine (Hosafci et al., 2007; David PerezGuaita et al., 2020) and blood (D. Perez-Guaita et al., 2012). In the food
industry, mainly near-IR, but also mid-IR have been employed to
quantify important parameters such as offal (Hu et al., 2017) and fatty
acid (Lucarini et al., 2018) contents in meat, acid values on edible oils
(Jiang et al., 2016), gluten in wheat flour (Czaja et al., 2016) and protein
in bovine milk (Kuligowski et al., 2017). IR spectra of food contain a
complex set of multiple bands from the different constituent components
which are strongly overlapped. Thus, multivariate regression analysis
such as Partial Least Squares (PLS-R) or Support Vector Regression
(SVR) are needed for extracting the quantitative information (Wold
et al., 2001). Instead of using the full spectra, models are normally
created using particular spectral ranges, which contain useful informa
tion for the prediction, excluding regions in which only noise or con
founding variables are present. Furthermore, different spectral preprocessing methods can be used to correct for spectral artefacts, differ
ences in pathlength (i.e. normalization) or to enhance the differences in
the maximum position of the spectral bands (e.g. second derivative). The
selection of these modelling parameters is a critical step and can make
the difference between a successful and an unsuccessful prediction.
Another key point is the representativity of the calibration dataset.
Calibration datasets are very important for the generation of these
regression models, because they should be representative of the range of
samples of interest to achieve a robust model (D. Perez-Guaita et al.,
2013). In general, they should cover all the different concentration
ranges of the analyte of interest and interferences present in the matrix.
In an industrial set-up, tailored datasets specific to the process and
sample analysis are used. In the context of an industrial kitchen this can
be challenging, considering the large variability of food and dishes
processed.
Here we evaluate the capabilities of ATR-FTIR to obtain quantitative
information about nutritional parameters of cooked food at kitchen
level. For this, we tailored the different aspects of the analytical meth
odology: (i) We used a database containing a wide range of aqueous
food, simulating the requirements of an industrial kitchen. (ii) A
compact ATR was used to ensure that the measurements are straight
forward. (iii) Different acquisition times were tested to study the validity

of the technique in cooking monitoring. (iv) Finally, a Matlab App
featuring a graphical user interface (GUI) was created to show the
simplicity and straightforwardness of the technique.
2. Methods
2.1. Samples and reagents
110 samples were obtained from different supermarkets and food
supplement stores. In general, they were sampled to cover a wide
spectrum of i) nutritional parameters and ii) food aqueous products
including milk products (n = 49), juices and fruit products (n = 63), milk
alternatives (n = 5) and smoothies (n = 5). To increase the variability of
the dataset, a coffee sample was spiked with different amounts of al
bumin (2, 6, 10 and 14%). Furthermore, at the beginning of the exper
imental procedure, it was noted that carbohydrates and sugars were
strongly correlated in the dataset. In order to decrease this correlation,
which can affect the selectivity of the PLS models, 3 samples were
randomly spiked with glucose or fructose (2, 4, 6 and 10%) and one
sample was spiked with starch (2, 4, 6 and 10%). All standards were
purchased from Merck (Sidney, Australia). Supplementary Material
(SM) 1 summarises the name and nutritional parameters and SM2
summarizes the ranges, averages and standard deviations of the
different 128 foods analysed. Reference values of proteins, fats, satu
rated fats, carbohydrates, sugars and energetic values were obtained
from the labels. The proportion of each constituent relative to the total
solids content was calculated by dividing each parameter by the sum of
proteins, fats and carbohydrates.
2.2. Spectral acquisition
Spectra were acquired using a Fourier Transform (FT) IR alpha
spectrophotometer from Bruker (Box Hill, Australia) equipped with a
single bounce, diamond ATR. The spectra were collected over the range
4000–600 cm− 1, with a resolution of 4 cm− 1. A background scan was
acquired between each sample, which was obtained by washing the ATR
crystal surface with distilled water prior to drying the surface. 2 μL al
iquots of sample were pipetted onto the ATR crystal. Three datasets were
acquired. Wet was obtained depositing a drop of the sample on the ATR
crystal and recording the spectra for one minute. Wet_fast was obtained
similarly but scanning over just 4 s. Dry was obtained after drying the
sample for 1 min on the surface of the crystal using warm air and then
scanning the dry deposit formed for 1 min. The spectra were obtained
using the OPUS software from Bruker, and then sent to Matlab R2019a
from Mathworks (Natick, USA) for modelling or prediction on the app
described in section 3.5 (See SM3).
2.3. PLS modelling
Data analysis was performed using Matlab R2019a from Mathworks
(Natick, USA) with functions from the PLS_Toolbox v8.2 (Eigenvector
Research, Manson, USA) and in-house written scripts for the optimisa
tion and validation of the models. The dataset contained 128 spectra
from 128 food samples with different nutritional values, and technical
replicates were not considered to guarantee that the dataset could be
split in both calibration and independent test sets. To ensure that both
sets were representative of the whole range of values under investiga
tion, samples were sorted according to the nutritional parameter to
model, and every 1st and 2nd sample were included in the calibration set
(66%) and the 3rd sample was selected for the independent test set
(33%). The calibration dataset was employed to build several models.
The selection of the internal parameters of the model was carried out
following an optimisation process which created models with all
possible combinations of 10 latent variables (LVs), 8 spectral regions:
[3140–3000 cm− 1], [2999–2770 cm− 1], [1784–1589 cm− 1],
[1588–1470 cm− 1], [1469–1355 cm− 1], [1354–1186 cm− 1],
2
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Fig. 1. ATR-FTIR spectra of food standards, including water, albumin, syrup and olive oil (a) ATR-FTIR spectra of wet (b), Wet_fast (c) and Dry (d) datasets.

[1185–1006 cm− 1], [1005–700 cm− 1] and 9 pre-processing protocols:
no derivatives and first or second derivative with 7, 9, 11 and 15
smoothing points and using the Savitsky-Golay algorithm. For the dry
dataset modelling, normalisation using a standard normal variate (SNV)
approach was also tested. The 22,950 models were validated using 20
splits and sorted according to their Root mean square error of cross
validation (RMSECV). Data and data analysis scripts are available at
Zenodo website (https://doi.org//10.5281/zenodo.4192331).

an intensity significantly larger than the rest. For the dry spectra, the
elimination of water normalises the spectra to the amount of total solids
and carbohydrate signals are regularly distributed. The region between
1500 and 1200 cm− 1 is dominated by a set of several overlapped bands
including the Amide III (1350 cm− 1) and the CH2 bending mode (1400
cm− 1). Amide I and II bands from proteins are found at ~ 1660 and
1540 cm− 1, respectively (see standard spectrum of albumin in Fig. 1a).
The former is overlapped with the aforementioned H2O deformation
band from water in the Wet and Wet_fast method. The Amide II band and
also the carbonyl band, located at 1750 cm− 1, show higher intensity in
the dry spectra due to the elimination of water from the effective volume
of the sample. The latter band is prominent in lipids, as observed in the
olive oil spectrum. Similarly, in the 3000–2800 cm− 1 region, the C–H
stretching bands are enhanced in the dry spectra, compared with the wet
sample spectra.

3. Results
3.1. Quantification of nutritional parameters of a wide range of products
The spectra of the representative standards of food components (al
bumin, syrup, water and olive oil) along with the food products analysed
are shown in Fig. 1. The differences in food composition can be observed
as changes in the intensity of several bands. Spectra of the aqueous
phases for Wet (b) and Wet_fast (c) methods show a similar profile,
dominated by water. The band from the H2O deformation mode is
located at 1640 cm− 1, while the asymmetric and symmetric stretching
H2O bands are overlapped in the 3200–2800 cm− 1 range, as observed in
the standard spectrum of water. Spectra from the Dry (d) dataset, ob
tained with the slow method, show a large number of sharp bands due to
the higher concentration of solid components after the subtraction of
water. At first sight, there are no significant differences between the Wet
and Wet_fast method, but on closer inspection the spectra show a larger
amount of noise in the Wet_fast (See SM4).
In the 1200–800 cm− 1 range, the bands associated with the C–O
stretching from alcohols present in carbohydrates can be observed (see
standard spectrum of syrup in Fig. 1a). In the case of the Wet and Wet_fast
methods, there is one sample that comprises of 60% sugar, which shows

3.2. Optimisation of PLS-R models
The spectral variations shown in Fig. 1 are caused by dissimilarities
in the composition of the different foods, and multivariate regression
algorithms can be employed to develop models which predict nutritional
parameters from the IR spectrum. Commonly, this process is carried out
in different steps: First, a representative calibration set of spectra is used
to create models considering different factors such as complexity (e.g.
number of Latent Variables (LV) in PLS-R), spectral regions and preprocessing. Then, the regression error of the different models is calcu
lated using internal (CV or bootstrapping) or external (optimisation set)
strategies to identify the best model. Finally, this best model is tested
using an external dataset (test set), obtaining a final prediction error of
the model. This study aimed to evaluate and compare the capabilities of
different measurement strategies (wet and dry) for different nutritional
3
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Fig. 2. Predicted (y-axis) versus labelled (actual) (x-axis) values of the models created for the prediction of nutritional parameters using the Wet (a) Wet_fast (b) and
Dry (c) approaches. Green circles indicate independent test samples and blue squares cross validation. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

parameters. The optimisation process for the different factors for each
model should be objective, eliminating possible bias introduced by the
data scientist. For a fair comparison, in this work we used an automatic
protocol (Roy et al., 2017), which created models considering all
possible combinations of LVs, spectral regions and pre-processing pro
tocols selected. CV error was computed for the 22,950 models created,
and the one with the lowest RMSCEV was selected as “best” and tested
with the external test set.
The optimisation process was evaluated using the distribution of the
CV errors obtained from models that used different pre-processing and
spectral regions. As an example, Figure SM5 presents the different errors
obtained for the three pre-processing protocols used for the prediction of
carbohydrates by the Wet_fast model. For simplification, each set of re
gions and pre-processing was considered and the LV with lowest
RMSECV was selected (2295 models in total). Most of the models
generated moderate errors CV errors laying within the 2.5–5 g/100 mg
interval. However, a small number of the models generated a CV error

spread over the 5–10 g/100 mg interval, indicating that the error could
increase considerably using inadequate modelling parameters. The
models with such an abnormally high error were probably created with
conditions that did not contain the carbohydrates bands.
On the other hand, the distribution of the errors can also give in
formation about which are the most advantageous conditions for the
modelling. Figure SM5a indicates that the use of derivatives improves
the CV error, whereas the number of smoothing points applied in the
derivative (Figure SM5b) is not that critical. Finally, the use of different
spectral ranges significantly affects the error, and the spectral regions
between 1354 and 700 cm− 1 clearly shows a lower error compared with
the rest of the spectra (See SM6). This can be explained by the presence
of the C–O stretching bands in this region. Equivalent information can
be obtained for the several models created during the study, but a case
by case analysis is out of the scope of this study. In summary, the use of
the automated selection of pre-processing, LV and spectral regions
allowed the unbiased comparison across different parameters and

Table 1
Root mean square error of prediction (RMSEP) of the models performed for the estimation of the nutritional values. Root mean square error of cross validation is
indicated in brackets (RMSECV).
WET CONTENT
Dataset

Carbohydrates (g/100
mL)

Wet
2.7 (2.3)
Wet _fast
2.0 (3.4)
Dry
10 (11)
TOTAL SOLIDS
Dataset
Carbohydrates (%)
Wet
8.8 (12)
Wet _fast
17 (9.4)
Dry
7.6 (5.6)

Proteins (g/100
mL)

Fat (g/100
mL)

Sugar (g/100
mL)

Saturated Fat (g/100
mL)

Water (g/100
mL)

Energetic Values
(Kcal)

0.8 (0.6)
1.3 (1.2)
1.2 (1.1)

1.0 (0.8)
2.6 (2.1)
2.1 (1.0)

2.2 (2.5)
3.1 (3.1)
12 (9)

0.8 (0.7)
3.4 (3.1)
0.9 (1.6)

2.5 (2.4)
5.1 (3.6)
13 (10)

150 (120)
180 (160)
320 (260)

Proteins (%)
10 (6.6)
8.7 (6.9)
4.3 (4.5)

Fat (%)
7.5 (5.8)
7.6 (7.4)
3.6 (3.3)

Sugar (%)
15 (12)
16 (15)
14 (11)

Saturated Fat (%)
6.7 (3.3)
6.8 (4.7)
2.0 (3.2)
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Fig. 3. Predicted (x-axis) versus labelled (y-axis) values of the models created for the prediction of the fraction of nutritional parameters from the total solids using
the Wet (a) Wet_fast (b) and Dry (c) datasets. Green circles indicate independent test samples and blue squares cross validation. Values are in grams of parameter per
gram of solid. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

the carbohydrates and sugars, having R2 values < 0.8 for the other pa
rameters. The classification performance of the models based on the Dry
dataset is poor in all the cases, with R2 values always below 0.8. From
this comparison, it can be concluded that, in general, the Wet method
ology provides the best predictions. The more rapid Wet_fast method
increases the noise in the spectra, which results in a decrease of the
prediction performance for proteins, sugars and water, although it
provides prediction models that can be used in some scenarios where
quasi-real time results are needed (e.g. on-line monitoring). For the fats,
no prediction capability is achieved. Finally, the Dry dataset did not
yield any valid model. This is a predictable result when one considers
that, when the sample is dried onto the ATR crystal, it can form a film
thicker than the penetration depth of the IR and thus, the linear rela
tionship between the concentration within the aqueous sample and the
absorbance is lost (Bonnier et al., 2016).

datasets and provided information about the best suitable modelling
conditions.
3.3. PLS-R models for the prediction of nutritional parameters
The comparison of the three different datasets used in the study for
each specific parameter can be assessed using the predicted versus
labelled values shown in Fig. 2 and the RMSEP and RMSECV values (See
Table 1). For carbohydrates prediction, both Wet and Wet_fast models
show a comparable prediction capability, with error values between 2
and 3 g/100 mL in a wide range of carbohydrate values (0–80 mg/dL).
For the remaining parameters, the best prediction was achieved by Wet
measurements: 0.62–0.7 g/100 mL (range of 0–15 mg/dL) for proteins,
around 1 g/100 mL (ranges of 0–15 mg/dL), for fats and saturated fats,
2–2.5 g/100 mL (Range of 0–60 g/100 mL) for sugars, 2.5–2.7 g/100 mL
(range of 40 to 98 g/100 mL) for water and 120–150 Kcal for EVs. Errors
of the models based on the Wet_fast measurements are between 1.3 and 2
times worse for proteins, water, sugar and energetic values, whereas for
fat and saturated fats, errors are much higher than the predicted versus
actual values plot resulting in low prediction capability. The errors are
considerably high in all the cases for the models obtained with the Dry
dataset, resulting in poor predictions (Fig. 2).
For a global comparison of the different models, the R2, or coefficient
of determination, values of the actual vs prediction correlation are re
ported in SM7. In all the cases, the best prediction was obtained using
the wet method, having R2 values for the prediction > 0.84 for all the
models, except for saturated fat, which was unsuccessful for all the
models. The Wet_fast method only shows comparable performance for

3.4. Quantification of nutritional parameters from the total solids
Fig. 1 indicates that the elimination of the water (drying) increases
the sensitivity. A dry film in close contact with the effective volume of
the ATR crystal (i.e. pathlength) is formed containing exclusively fats,
proteins and carbohydrates and the bands of food components are
sharper and more distinguishable. However, in the previous section, the
results indicate that the predictive models of nutritional parameters over
the range of foodstuffs using dry films are ineffective because the in
formation relative to the amount of water is lost. An alternative chal
lenge is the determination of the fraction of nutritional parameters in
relation to the total amount of solids. Fig. 3 depicts the predicted versus
5
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Fig. 4. Application designed for predicting nutritional parameters of food using PLS-R models of ATR-FTIR spectra. (A) Knob to define the working mode. (B) Button
for importing the spectra to predict. (C) Knob for switching among different PLS-R models. (D) Plot of the spectra of the sample analysed. (E) Lamps indicating the
result of the quality control performed considering the T2 and Q2 values. (F) Gauges representing the result of the prediction.

actual values obtained from PLS-R models created for the determination
of the fractions of carbohydrates, proteins, fat, sugars and saturated fats,
and Table 1 reports the RMSEP and RMSECV error values. The total
solids amount was calculated by adding the labelled content of carbo
hydrates, proteins and sugars. It can be seen that, in this case, best
predictions are obtained for the Dry dataset, with errors below 10% for
all the components except for sugars. This can also be seen in SM8,
which represents the total the R2 values.

3.5. Deployment of models in a Matlab App
The practical implementation of ATR-IR analysis can be trouble
some, due to the requirement of multivariate analysis. Lack of famil
iarity of the end user with such abstract methods could make this
technology less attractive to perspective end users such as consumers,
food developers and chefs. To exemplify the simplicity of a hypothetical
final analytical product, the models were deployed via a Matlab GUI
application, depicted in Fig. 4. The app can operate either after
measuring one single spectrum or continuously, switching a knob (A). If
operating “on-demand”, a sample can be predicted by opening a

Table 2
Comparison of technical features of ATR and example of methods recommended by FAO (Greenfield & Southgate, 2003). GLC: Gas liquid Chromatography.
Method

Parameter

Instrumentation

Reagents

Instrument Cost

Time

Worktop-Friendly?

Kjeldahl
Bligh and Dyer
GLC
Bomb calorimetry
IR Wet

Protein (total nitrogen)
Total Fat (lipids)
Carbohydrates Fatty acids
EV
Proteins
Carbohydrates
Sugar
Fats
EV
Water
Proteins
Carbohydrates
Water
(In Total Solids)
Proteins
Carbohydrates
Sugar
Fats

Kjeldahl Apparatus
Mixed solvent extraction
GLC
Bomb calorimeter
IR-ATR

H2SO4, Catalyst, boric acid
Chloroform, methanol, water
Eluent Transmethylation
heat, water
None

Low
Low
High
Low
Low

>10 min
10 min
>10 min
10 min
60 s

No
No
No
No
Yes

IR-ATR

None

Low

4s

Yes

IR-ATR

None

Low

3m

Yes

IR Wet_Fast
IR Dry

6

D. Perez-Guaita et al.

Food Chemistry 365 (2021) 130442

previously measured spectrum using the button “import spectra” (B). If
operating “auto”, the app will continuously predict the most recent file
located on the spectrophotometer folder and will display the predictions
of the last spectrum measured. This last operation mode is intended to
work in monitoring process with fast measurements of the spectra. The
knob indicated by C is used to indicate which library of models is used
for the predictions (e.g. Wet, Wet_fast or Dry). D plots the spectra for a
visual inspection of any anomalous bands. Other quality controls are the
lamps indicated in Fig. 4E, which turn red if the values of the residuals
Q2 and Hotelling T2 parameters are above the 95% confidence interval
of the model values. Finally, the results of the prediction can be found on
the gauges of Fig. 4F.

FTIR coupled with PLS-R offers a very good alternative for acquiring
quantitative information of different nutritional parameters in food. The
technique is very versatile and offers different features of speed and
accuracy depending on the analytical requirements.
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3.6. Comparison with other methods
Table 2 compares the proposed method with examples of methods
recommended by the FAO (Greenfield & Southgate, 2003). Notably,
current methods do not allow the determination of several nutritional
parameters with a single technique. Our results indicate that ATR-FTIR
can cover a wide variety of parameters such as proteins, water content,
sugar content and fats from a simple scan. Nevertheless, some specific
nutritional parameters such as sodium cannot be determined using the
ATR-FTIR technique, as it does not show specific bands on IR. Literature
shows that the quantification of fats using ATR-FTIR in aqueous foods
such as yogurts is challenging (Moros et al., 2006). Nevertheless, the
results of our models evidenced that, given a dataset with a wide range
of foods, ATR-FTIR is able to provide an estimation of the amount of fat
content. However, our results also indicate that ATR-FTIR was not able
to differentiate between saturated and unsaturated fatty acids. In
contrast, techniques such as Gas/Liquid Chromatography can evaluate
the saturation of lipids, providing very important nutritional informa
tion (Greenfield & Southgate, 2003). Another limitation of our study is
the problem with the reference data. First, we used the reference data
obtained from the labels of the food package and, for the calculation of
water, we used the weight of the non-aqueous food components labelled.
It is possible that these values have been obtained without using the gold
reference methodologies and thus, our PLSR models have been con
structed without the optimal reference data. As multivariate models
cannot provide better results than the reference data, it is possible that
the errors obtained by the ATR-FTIR methodology in this study are
underestimated, and further efforts should be focused on creating food
databases containing nutritional values from gold standard methodol
ogies to refine the models and study the full capability of the proposed
technique.
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